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The development and research of artificial intelligence has experienced rapid growth over
the recent years. With the introduction of generative artificial intelligence enabling increased
use of artificial intelligence models in creative and business contexts.

This thesis examines the roles artificial intelligence has taken in idea generation and other
ideation processes in organisations. The aim is to create a clearer picture of the current state
of the different applications in Al-driven ideation by conducting a literature review and
comparing the different models used in studies.

Al has proved great potential in idea generation regarding range, novelty and diversity.
Unique features of Al such as rapid idea generation, simulation, and quick access to
information have shown to increase the speed and efficiency of ideation. Through task
delegation to Al, the cognitive workload of humans decreases, allowing them to focus on
more critical, problem-solving tasks.



ABBREVIATIONS

Al Artificial intelligence
GenAl Generative artificial intelligence
IMS Idea management system(s)

ML Machine learning
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1 Introduction

The application of artificial intelligence (Al) in innovation management has gained much
attention in recent years, as reflected by the number of studies and overviews done on the
topic (Alzoubi and Mishra, 2025; Corvello, 2025; Kumar et al., 2025; Leka, 2024; Roberts
and Candi, 2024). This was made possible by the shift in Al research and development
shifting from predictive technologies in the 2010s, to generative artificial intelligence in the
2020s, which allows for Al use in more creative tasks as well as analytical ones (Hermann
and Puntoni, 2024). Companies rely on innovation to compete for relevance in today’s
markets, making artificial intelligence a useful tool to accelerate ideation processes, receive
a greater number of relevant ideas and thus, have a better chance at true innovation and
market competition. As artificial intelligence tends to reshape how various tasks are handled,
so the objective of this thesis is to find how this integration of Al has changed and improved
early phases of innovation processes in companies, particularly ideation. Previous findings
show, that incorporating artificial intelligence tools into ideation processes enhances
creativity and accelerates phases of innovation by providing better insight, allowing for more
idea exploration, and leading to more novel and customer-beneficial ideas (Bilgram and

Laarmann, 2023; Joosten et al., 2024).

1.1 Purpose of the Thesis and Research Questions

As artificial intelligence technologies continue to evolve, their application in the ideation
process is gaining significance. Research done on specific Al systems may quickly become
outdated, so there is a need for a broader analysis on how artificial intelligence transforms
ideation processes and how organisations can leverage these tools. This thesis explores the
influence of Al on the ideation phase of innovation, examining its effects on creativity,
efficiency, team collaboration, and the nature of human involvement. The aim is to answer
the main research question: How does artificial intelligence impact ideation processes in

organisations?
Key sub-questions are:

In what ways does Al influence the novelty, creativity, and quality of ideas?



How does Al enhance the efficiency and speed of idea generation?

How is Al incorporated into human ideation teams, and how does this impact their roles and

responsibilities?

The focus of this thesis is on Al-driven ideation in organizational settings, excluding any
other applications of Al idea generation. Specifically generative Al and its creative and
assisting potential is used as the primary case, leaving aside general Al and AI’s use in other
departments, such as operations, analytics, etc. Further, the emphasis is placed on human-Al

collaboration in ideation, any fully automated approaches are left out.

1.2 Methodology and Structure

The methodology of this thesis is a comprehensive literature review of recent academic
studies using different Al-human ideation setups. The literature search was conducted using
Google Scholar, LUT-Primo, Scopus, and Consensus. The queries were done in English
only, using main keywords like Al ideation, Al idea generation, Al-driven Ideation, Idea

Management, and Ideation.

The thesis is roughly structured in three parts: background information on both ideation and
artificial intelligence, the main analysis, and final conclusion. First, common ideation
processes and a short introduction to artificial intelligence will be presented. The main part
of the thesis will focus on analysing how ideation processes may benefit from Al inclusion,
based on existing literature and case studies. Lastly, the findings and future opportunities for

research will be discussed.

In this thesis, Al was used in literature search (Consensus), as well as assisting in creating

the general structure of the work and increasing readability.



2 Innovation Models and Ideation Processes

Innovation is an integral part of a company’s long-term success (Cooper, 1990; Eveleens,
2010). This has been known since the early stages of innovation management research but
has become even more apparent in the age of digitalization, as product life cycles are
decreasing, and new innovations are introduced more rapidly than before. This chapter
explores influential innovation management models and idea management systems,

discusses the challenges of these traditional innovation models.

2.1 Structured Innovation Models

Due to the importance of innovation, managing it has become a popular research topic for
scholars and practitioners alike (Eveleens, 2010). Although the specifics and ways to manage
innovation processes may vary, the general outline is rather similar. Innovation starts by
gathering ideas, analysing and selecting which one(s) to take into further development
(Eveleens, 2010; Hansen and Birkinshaw, 2007; Van de Ven, 2017). Figure 1 depicts the
general stages taking place in an innovation process. Starting with idea generation in the
early stage of innovation, the goal is to gather as many different ideas as possible. This can
be seen as the most crucial step in innovation, as good, feasible and realisable ideas are the
basis of innovation (Hauge, Duin and Thoben, 2008). This ideation phase of the innovation
process will be the focal point of this thesis. As it is often a loosely structured process, there
is great potential for creativity and unique approaches. This makes it a good opportunity to
try to include Al applications in creative ways. Development, Prototyping, Manufacturing,
Marketing and Sales make up the later phases in this innovation timeline, which are covered

in the Stage-Gate-Process.
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Figure 1. The innovation process (Hauge, Duin and Thoben, 2008, p. 2)

Based on research and date from the 1980s, Cooper (1990) found, that improving existing
products and releasing extensions was not enough to sustain a competitive advantage in the
market. Firms needed to innovate and launch new products. Cooper (1990) claims, that this
requires better management of innovation processes and introduces the stage-gate system.
The system is inspired by physical manufacturing processes, which are divided into “stages”
and “gates” (Cooper, 1990, p. 46). Stages are the phases, in which work gets done. In the
innovation process, ideas are assessed, business cases are prepared, products are developed,
tested and validated, until lastly, they are ready to be moved to production and launched.
Each phase has specific deliverables, which are evaluated in the gates in between each phase.
These control points ensure the desired level of quality is upheld and are used to manage the

whole innovation process (Cooper, 1990).

In contrast to ‘closed innovation’- models like the Stage-Gate Model, open innovation takes
place beyond the boundaries of the company, making use of external collaboration. This
requires a different approach to managing the innovation process. Open innovation combines
external and internal sources of knowledge and expertise for growth, which makes close

external connections and relationships integral (Gronlund, Sjodin and Frishammar, 2010).

One approach to modernize the more traditional innovation management models is to
combine aspects of the Stage-Gate Model in combination with Open Innovation
characteristics. Each stage has unique weak points and requires different solutions and

support through external actors (Grénlund, Sjédin and Frishammar, 2010). By dividing the



innovation process in three main phases, ideation, development, and commercialization,
stages can be opened to different external sources, depending on the specific requirements,

while keeping important sensitive information protected (Stosi¢ and Milutinovi¢, 2014).

The stages may be divided in inbound- and outbound open innovation activities, which helps
determine suitable partners for each (Gronlund, Sjodin and Frishammar, 2010). At the
ideation stage, instead of relying on the firms’ internal resources, ideas can be generated
from various outside sources, such as partners, start-ups, inventors, or customers (Stosi¢ and
Milutinovi¢, 2014). Later, at the development stage, technical problems may be solved with
new inventions provided by external resources (Gronlund, Sjodin and Frishammar, 2010;
Stosi¢ and Milutinovi¢, 2014). Outbound activities include the “spin-out” of internal ideas
or concepts to external companies, customers, or suppliers and the evaluation of
commercialization strategies at later stages of the innovation process (Gronlund, Sjodin and

Frishammar, 2010, p. 118).

2.2 Ideation Processes and the Front-End of Innovation

While the importance of front-end innovation had been known for many decades, research
and terminology on it were not clearly defined, as many terms were used to describe it,
generally as the early, often ambiguous stage of innovation, where ideas are generated and
shaped (Eling and Herstatt, 2017). Good ideas may be developed by a single person but are
often the result of successful group collaboration. In a group setting, there are several
structured and unstructured formats and gamification to support creativity. Structured tools
like brainstorming have been used for many decades and are well known. (Hauge, Duin and
Thoben, 2008) Regardless of the method of choice, the process involves a series of steps,
and although the specifics in each process may differ, four to five stages of idea generation
can be found, as shown in Figure 2: future envision, opportunity identification and analysis,
idea generation and control, and idea expansion. Future envision can be done by combining
parameters from dimensions like user information, user activity and environment, for
instance, to create scenarios involving different influencing factors, helping to imagine
alternative futures. During opportunity identification and analysis, the envisioned scenarios

are analysed to recognise and explore the opportunities they provide. These may be



newfound problems, wishes, expectations or previously unmet user needs. Idea generation
is the most creative phase among these, as unique solutions and creative approaches to realise
the found opportunities are sought after. Ideation control may step in here, to alleviate mental
blocks, such as design fixation. This step can also be used to reframe the problem and add
new stimuli to inspire new ideas, which expands the range of solutions and considers new
perspectives. A chosen set of ideas are then modified or transformed in idea expansion,
similarly to ideation control, the aim here is to expand the solution space and avoid or prevent
any fixation on one specific idea. Although these stages are worked through sequentially,
they allow for repeated iteration to ensure ideas are well refined, shortening the total cycle

time of the process. (Moon and Han, 2016)

Future envision

Opportunity identification
and analysis

- <
\ 4
e R :
: Ideation
Idea generation
control
\ /
X
D
[dea expansion
\ J

Figure 2. A creative idea generation process (Moon and Han, 2016, p. 86)

2.3 Idea Management Systems

Idea management is a part of innovation management, that aims to collect as many high-
quality ideas as possible, which are later evaluated and selected (Brem, 2008). Encouraging
idea creation is a vital part of it, but it is equally important to focus on improving the quality
of those ideas. A process where ideas are filtered and assessed against quality measurements

should be included in idea management systems (Selart and Johansen, 2011). A multitude



of models and computer-aided systems have been proposed to help manage the load of ideas.
As the number of generated ideas can be high, a more successful innovation process is to be
expected, if it incorporates such idea management programs (Boeddrich, 2004). One of such
propositions is to include wikis, weblogs, social networks and social search engines to deal
with the workload that comes with idea management. Instant messaging, wikis and weblogs
should help with managing large amounts of submitted ideas, particularly regarding their

repetition and maturity level (Bansemir and Neyer, 2009).

Gerlach and Brem (2017) proposed a more general conceptual framework, as previous
research seemed to focus on either proposing new idea management models or defining
success factors of idea management in general. Their system considered success factors in
each stage of idea management processes, essentially combining the knowledge of previous
model propositions and research. The authors found six main stages of idea management,
namely “preparation, idea generation, improvement, evaluation, implementation, and
deployment” (Gerlach and Brem, 2017, p. 146). Idea management programs can support
each of these phases, although some elements still need manual oversight. These programs
can provide a platform where ideas can be submitted, improved, selected and stored for later
reference, including status and additional comments (Gerlach and Brem, 2017). Machine
learning algorithms, like support vector machine, can be used to classify ideas prior to
evaluation (Gerlach and Brem, 2017; Xie and Zhang, 2010). Even the metrics guiding
decision making in the idea selection process can be automatically generated using machine
learning. As the results were satisfactory, the authors “envision to peruse a fully automated

approach” (Westerski, Dalamagas and Iglesias, 2013, p. 1325) in their future research.



3 Artificial Intelligence

The following chapter will give a brief overview of the development of artificial intelligence
as a scientific field, some recent technologies and capabilities of generative artificial

intelligence (GenAl).

3.1 Definitions of Al and GenAl

The term “Artificial Intelligence” was first introduced in the 1950s and refers to the
emulation of human intelligence using machines. The long-term goal of the field is to create
a machine capable of acquiring and applying knowledge, similar to the human brain. This
includes having the capacity for logic, reasoning, critical thinking and problem-solving, as
well as self-awareness, understanding, creativity, emotional knowledge and ethical values
(Mohaghegh, 2024; O'Regan, 2021). Mohaghegh (2024, p. 11) defines Al as “the simulation
of ‘Human Intelligence’ mimicking ‘Human Brain’ for Analysis, Modeling, and Decision-

Making”.

Al development saw some initial success in its early years, with machine translations, pattern
recognition and automated reasoning being developed (O'Regan, 2021). However, it became
apparent that creating general, human-like intelligence would be a much more complex
project (Mohaghegh, 2024; O'Regan, 2021). In the mid-1980s new layers were added to the
term artificial intelligence, as technologies like machine learning algorithms, which are
Artificial Neural Networks, were developed. These advancements were able to solve more
complex problems, and made Al a data-driven technology, rather than a rule-based one

(Mohaghegh, 2024).

Over the past decade or so, there has been a focus on two major developments, predictive
Al and generative Al In the 2010s, Al systems began to be widely utilised to improve
decision making in businesses, making use of the abundance of consumer data and
computational power. Predictive technologies, different methods of machine learning,
supported a wide range of consumer applications as well, such as personalised
recommendations in online shops or social media, spam filters, online advertising and so on.

(Hermann and Puntoni, 2024)
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Although still a relevant area of research and development, the main focus in the field of Al
shifted to generative technologies in the 2020s. New machine learning models were
introduced, which are able to generate new information in the form of text, images, audio,
video, and even synthetic data, using the logic of prediction (Hermann and Puntoni, 2024).
These systems can not only be used for artistic purposes, such as mimicking the styles of
writers and illustrators, but they also assist humans as intelligent question-answering
systems, expanding the range of Al applications in creative and knowledge-based domains.
Generative Al increasingly produces outputs that are indistinguishable from human
craftsmanship. This capability has the potential to transform industries reliant on creativity,
innovation, and knowledge processing. By enabling applications that were previously
impractical for automation, such as realistic virtual assistants, personalized education and
services, and digital art, generative Al is reshaping the way technology integrates with

human ingenuity. (Feuerriegel et al., 2024)

3.2 Capabilities and Challenges of GenAl

Potential applications of GenAl technologies can be found across a variety of industries,
including but not limited to business, education, healthcare, and media and entertainment,
since it offers both creative and analytical use-cases (Feuerriegel et al., 2024). In the media
and entertainment industry GenAl has influenced several areas, including writing and
storyboarding, audio production, design, marketing, and image or video creation (Bengesi
et al., 2024). The high speed and low cost at which GenAl can generate new content has
enabled creation processes to be automated, increasing efficiency and productivity (Bengesi

et al., 2024; Fui-Hoon Nah et al., 2023).

In business, a combination of the creative and analytical capabilities of GenAl can be
utilised. It offers creative applications in product development, advertising and content
creation (Bengesi et al.,, 2024). Text-generating Al models, like ChatGPT, can assist
employees’ workflows in marketing, engineering, risk management, sales, and accounting,
among others (Fui-Hoon Nabh et al., 2023). Some processes, like financial data analysis or
customer service in form of a chatbot, may even be automated (Bengesi et al., 2024; Fui-

Hoon Nah et al., 2023).
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In education, GenAl has both elevated the learning experience for students, as well as
teaching for educators. ChatGPT and other text-generating models have enabled students to
use them as personalised tutors, offering explanations, feedback and support. The same

technologies may help teachers create customised learning materials (Bengesi et al., 2024).

Along with the opportunities to utilise Al, there are also challenges in the application of
these new technologies. The reliability and accuracy of information provided by Al varies,
as it can be prone to errors and hallucinations, meaning it presents incorrect or made-up
information convincingly or generates incoherent or nonsensical content (Kumar et al.,
2025). Another concern are biases, embedded into the Al from its training data, and other
ethical concerns regarding AI’s output, like the generation of harmful or inappropriate
content (Fui-Hoon Nah et al., 2023; Kumar et al., 2025). In addition, there are concerns over
potential misuse, over-reliance on Al, privacy and security risks, when sensitive information
is shared with Al, for example (Fui-Hoon Nah et al., 2023). Because of the enormous amount
of training data needed for the development of AI models, there are also concerns for
intellectual property rights and copyright issues. Al may generate content based on
copyrighted information, without having appropriate authorisation or giving credit (Kumar
et al., 2025). Stemming from this, there are legal questions around the ownership and
authorship of Al-generated content, as it is based on existing sources, which mostly remain

unresolved (Fui-Hoon Nabh et al., 2023).

There are several other regulatory and governance issues regarding Al, for instance, lack of
control over Al behaviour, data fragmentation, which makes sources difficult if not
impossible to track, lack of interoperability, and of information exchange between
technology giants and regulators (Fui-Hoon Nah et al., 2023). In terms of usability, there are
concerns about Al limiting creativity and innovation, as it has a tendency to converge closely
on pre-existing patterns, which may limit true originality and innovation (Kumar et al.,
2025). Although this aspect is debated as AI’s responses heavily depend on the prompts it is
given and how users engage with the generated output (Eisenreich et al., 2024). This
introduces technical challenges, as strong prompt engineering skills are required to make
effective use of Al. Another crucial aspect regarding the generation of high-quality output,
is the quality of training data. Finding enough high-quality datasets remains difficult, as
developing these models requires such a large amount of data (Fui-Hoon Nabh et al., 2023).

It is also important to note the environmental impact of these technologies, as both the
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development and running of Al models require significant computational power, which leads
to incredibly high energy consumption and concerns about sustainability (Eisenreich et al.,

2024; Feuerriegel et al., 2024).
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4 Al in Idea Management

There are many ways in which Al can be integrated in ideation processes. The following
section will explore the roles Al may take in Al-driven ideation, the impact its inclusion has
on the ideation process, the quality and quantity of generated ideas, as well as challenges
specifically in Al-driven ideation. Lastly, future trends in Al-driven ideation will be

presented.

4.1 AT’s Role in Ideation and Early-Stage Innovation

Al can improve ideation processes in multiple ways, by enhancing idea generation and
fostering a culture of creativity by improving teamwork and collaboration. Predictive
technologies can be used to discover knowledge through data mining and trend analysis, on
which new ideas may be based (Leka, 2024). Generative Al systems enable Al-supported
idea generation by generating new ideas in collaboration with humans, with the help of
chatbots (Corvello, 2025). By simulating different possibilities and outcomes in conceptual
spaces or by finding new combinations of existing ideas, GenAl can be used as a
recommendation tool for new ideas. Previously archived ideas may be made accessible, by

enabling transformation (Kakatkar, Bilgram and Fiiller, 2020; Leka, 2024).

In the idea selection process, Al can be used to improve decision-making, by analysing data,
giving real-time feedback, and automating certain tasks. Including Al tools in the idea
selection process can also help to reduce human bias (Leka, 2024). Al personas can provide
additional insights by providing them with company-specific information and assigning
specified roles (Noack et al., 2025). These personas can act as synthetic partners, providing
access to new knowledge and external stimulus to inspire humans to explore more
unconventional ideas and think outside the box. This complimentary input to human
creativity allows the scope of ideation to be broadened, without adding new members to the
team (Kumar et al., 2025). When incorporating GenAl, idea management can follow a more
iterative approach, rather than the traditionally linear one, because ideas can be simulated,

tested, and refined at a faster pace (Corvello, 2025).
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4.2 ATl’s Impact on the Ideation Process

The integration of Al in ideation has reshaped the creative process, offering new
opportunities for generating, refining and evaluating ideas. Al tools provide structured
ideation support, expanding creative possibilities. Al has enhanced the creative potential of
ideation teams by inspiring divergent thinking and increasing idea diversity. Studies have
shown that Al-powered brainstorming tools help generate more unique, customer-focused
ideas by reducing cognitive biases and encouraging exploration beyond conventional
thinking (Gindert and Miiller, 2024; Kaljun and Kaljun, 2024). Acting as creative partners,
Al-driven ideation tools can suggest new concepts which users may not have considered on

their own (Bouschery, Blazevic and Piller, 2023).

Beyond creativity, Al-driven tools contribute to the speed and efficiency of ideation. Early
stages of brainstorming can be automated, which enables rapid exploration of new ideas,
reducing the required time for teams to develop, filter and refine them (Bilgram and
Laarmann, 2023; Sedkaoui and Benaichouba, 2024). Because of its ability to process large
datasets, predict market trends, and generate structured idea proposals in mere seconds,
GenAl allows organisations to accelerate their innovation cycles (Noack et al., 2025). The
ability to automate tasks reduces the cognitive load on human ideators, allowing them to
focus on higher-level tasks, such as refining high-potential concepts. This also streamlines
the decision-making process, ensuring that the most promising ideas receive the needed

attention and resources (Sankar and Sen, 2024).

Although Al evidently has the capacity to perform and substitute humans in creative tasks
(Biel et al., 2025), rather than replacing human creativity, it is increasingly being integrated
as part of ideation teams. Al enhances the human creative process by providing structured
prompts, analysing patterns, and offering alternative perspectives (Kumar et al., 2025).
Several hybrid ideation models have been proposed, where Al suggestions are used to
complement human intuition. These have been found to increase both human engagement
as well as idea novelty (Bouschery, Blazevic and Piller, 2023; Shin et al., 2023). Another
approach is human-Al collaborative ideation, which has been found to generate more refined
ideas through structured brainstorming sessions consisting of human-Al interactions. Teams
using these Al-powered tools have been found to generate more feasible, impactful solutions

compared to traditional brainstorming methods (Sankar and Sen, 2024).
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With Al taking on the repetitive and data-driven aspects of ideation, the role of humans is
shifting from idea creators to curators and evaluators (Biel et al., 2025; Mirzani, 2024). This
requires acquiring new skill sets, as teams must become proficient in Al literacy, strategic
thinking, and the ability to critically evaluate Al-generated outputs (Bouschery, Blazevic
and Piller, 2023). Further, organisations must navigate the ethical implications of Al-driven
ideation, as human oversight remains central to evaluating the relevance, originality and
ethical implications of Al-generated ideas (Bilgram and Laarmann, 2023). The shift from
hybrid to Al-first innovation management requires companies to develop frameworks to
integrate Al without losing the intuitive, human-driven aspects of creativity (Biel et al.,

2025).

4.3 Quality and Quantity of Al-generated Ideas

Generative Al tools have demonstrated a strong ability to produce highly novel and
customer-relevant ideas. Joosten et al. (2024) found, that Al-generated ideas tend to score
higher in originality and customer benefit compared to those created by human teams. In Al-
human collaborative ideation, Al tools facilitate rapid exploration of unconventional ideas,
helping organisations break away from traditional innovation patterns (Kaljun and Kaljun,
2024). Al-driven ideation further allows companies to quickly prototype and test customer-
focused solutions, which improves the likelihood of later market success (Noack et al.,

2025).

In terms of diversity, Al-powered ideation systems have been found to broaden the scope of
idea generation, as they can leverage extensive datasets to propose diverse and unique
concepts (Biel et al., 2025). However, some research also suggests that Al-generated ideas
may converge towards pre-existing knowledge patterns, which could limit their disruptive
potential (Kumar et al., 2025). Hybrid models, where humans guide Al-generated output,
have also been shown to increase the variety and innovation potential of ideas (Shin et al.,

2023).

While AI’s strong capability to produce novel ideas has been clearly demonstrated, its ability
to assess practical feasibility is mixed. In their comparison of human and Al-generated ideas,
Joosten et al. (2024) found, that Al excels at producing conceptually innovative ideas, but

human teams remained superior in refining those ideas for real-world implementation.
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Another study found, that while ideas from Al teams scored better in value and novelty,
expert teams matched or outperformed them when different categories were combined
(Eisenreich et al., 2024). However, Biel et al. (2025) found Al to be particularly effective at
structuring and refining existing ideas, helping teams develop more specific, actionable

proposals.

4.4 Challenges and Requirements

Some research indicates that over-reliance on Al -generated prompts may limit true creative
exploration, as humans tend to easily accept or become influenced by Al-generated ideas,
limiting true novelty (Joosten et al., 2024; Noack et al., 2025; Shin et al., 2023). The
challenge in Al-driven ideation lies in striking a balance between leveraging Al for enhanced
ideation while preserving human originality (Kumar, Eisenreich et al. 2024). To combat this,
Kumar et al. (2025) suggest managers should come up with their own ideas first, before
looking at Al-generated ideas, to try and remain open to a variety of ideas. As there is still a
lack of best practices and guidelines for the use of Al in ideation, a need for human oversight
remains (Biel et al., 2025). Sensible use of Al requires a new set of skills, marking AI’s
socioeconomic impact, as reskilling is necessary. (Eisenreich et al., 2024; Fui-Hoon Nah et

al., 2023)

There are also ethical considerations when incorporating Al into idea generation, and many
of the challenges mentioned in 3.2 also impact Al-driven ideation. Because Al may lack
company-specific knowledge and context when generating ideas, there are concerns about
biases that need to be addressed and managed to ensure fairness and limit biases introduced
by AL. Ownership, authenticity and responsibility are also critical concerns when it comes
to Al in ideation. Not only are the concerns about plagiarism, but most importantly
accountability in case presented or developed ideas cause issues. (Eisenreich et al., 2024; He

et al., 2024)
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4.5 Future Trends in Al-driven Ideation

As artificial intelligence continues to evolve, its role in ideation is set to expand beyond its
current capabilities. While it has already demonstrated its potential to assist in ideation,
enhance efficiency and collaboration in the ideation process, future developments will likely
push the boundaries of what Al can achieve. These advancements will not only transform

traditional ideation methodologies but also introduce new opportunities and challenges.

Emerging trends include increased development of Al-Driven Innovation Management
Systems, such as [ai]deation by Noack et al. (2025). Platforms like these have been found to
support role-based, collaborative, company-specific ideation. Some of these may be Al-First
Ideation Models, where Al autonomously designs its own processes and tasks after receiving
a high-level briefing on objectives and key parameters. This requires Al to be able to identify
necessary tasks, effectively sequence them, and dynamically adapt based on real-time

performance data as well as human feedback. (Biel et al., 2025)

Al is anticipated to move beyond simple workflow automation toward active enhancement
of work practices by providing tailored contributions. Personalised Al could provide
specialised, role-specific and context-aware support and ideas for both individuals and
teams. This could be achieved by providing source documents, which the Al system can then
retrieve relevant information from, fine-tuning the entire model with domain knowledge, or
by enhancing prompts by including specified context. However, the focus should be on
augmenting human processes, rather than fully replacing them with Al, as associated risks
such as de-skilling and reduced human collaboration should be given careful consideration

when designing systems like these. (He et al., 2024)

Regardless of the direction, it is hypothesised that Al has the potential to fundamentally
transform innovation processes, rather than merely enhance existing methods. Incorporating
it into ideation could revolutionise creativity, decision-making, and product development.
(Biel et al., 2025) To fully harness AI’s potential however, a paradigm shift in traditional
innovation methodologies, particularly design thinking, is required. This is due to the nature
of Al, as its creativity moves beyond simple pattern replication, demonstrating the ability to
generate unique yet suitable ideas to meaningfully contribute to ideation processes.

(Sedkaoui and Benaichouba, 2024)
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5 Key Findings and Discussion

The purpose of this research is to explore how AI has impacted ideation processes in
organisations. Key areas of investigation are its impact on creativity, efficiency, human-Al
collaboration, and the challenges and opportunities it presents. The following section will
include a discussion of the key findings, provide concise answers to the research questions

and present opportunities for future research.

5.1 Influence on Creativity and Idea Quality

It has been shown that including Al in ideation processes significantly enhances creativity,
idea generation, idea novelty, and usability of ideas, while also reducing human cognitive
workload (Eisenreich et al., 2024; Gindert and Miiller, 2024). Organisational approaches to
idea generation and idea evaluation are being reshaped, as GenAl offers a bridge between
human creativity and data-driven insights. It improves ideation processes by addressing
challenges like lack of motivation, expertise and production blocking by stimulating new
ideas, expanding possibilities for solutions, and offering diverse perspectives, helping to
overcome individual limitations (Bouschery, Blazevic and Piller, 2023; Eisenreich et al.,
2024; He et al., 2024). Al has shown its capability to explore ideas across various domains,
and offering new insights and solutions by enabling cross-disciplinary ideation (Bouschery,
Blazevic and Piller, 2023; Eisenreich et al., 2024). Assigning simpler idea generation tasks
to Al allows humans to focus on the more complex aspects of problem-solving in ideation,
as human judgement and intuition remains essential for feasibility assessment, refining ideas
and providing contextual expertise (Eisenreich et al., 2024; Fui-Hoon Nah et al., 2023). In
contrast, the belief that Al lacks practical has been challenged as well. The ability of Al to
generate original content relies on large datasets, which it can utilise and process in creative
ways to form new ideas. The same datasets can be used to simulate different outcomes,
which helps to predict how certain ideas may perform. Thereby Al could also support
decision-making processes about idea practicality and feasibility. (Gindert and Miiller, 2024)

In cases where human expertise and knowledge may be limited, Al can help bridge that gap

and provide additional insights. By making use of AI’s access to data, fresh perspectives are
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provided in real time, which may have otherwise been missed. This can stimulate more
innovative thinking in human teams, and expand the variety and range of potential solutions

available. (Eisenreich et al., 2024; He et al., 2024)

5.2 Efficiency and Speed of Ideation

Incorporating Al tools into ideation has been found to be beneficial regardless of the specific
systems and use-cases. The difference in speed of generating ideas between humans and Al
is already clear, as Al provides faster access to information and generates ideas at a higher
pace. This makes time for deeper exploration of a multitude of ideas without causing notable
delays. Additional to the benefit of faster ideation, the scope and diversity of solutions is
also enhanced. (Bouschery, Blazevic and Piller, 2023; Eisenreich et al., 2024) When Al
handles the simpler, but high-volume tasks of idea generation, it allows humans to focus on
more complex ones, like the refining of ideas or other problem-solving tasks. This
significantly reduces the cognitive workload, which could in turn be hypothesised to also
lead to better outcomes on those human-performed tasks, especially when cognitive overload

or burnout is a problem. (Eisenreich et al., 2024; He et al., 2024)

5.3 Human-AI Collaboration

Different approaches and angles have been used in the assessment and development of
human-AlI collaborative tools, but the general ideas and seem to be roughly the same. Al
should support teamwork by offering inspiration, information, insights, and removing
mental blocks, particularly in the early stage of ideation. In essence, it acts as a synthetic
teammate in the human ideation team, providing guidance, new ideas and viewpoints to
enhance the efforts of the human team, rather than replacing human ideation (Noack et al.,

2025).

Human oversight is further required to guide Al output, by prompting, providing important
context, and refining the generated ideas. Assessment and decision-making remain human
responsibilities as well, ensuring contextual relevance and feasibility are maintained. (Fui-

Hoon Nah et al., 2023; He et al., 2024) Overall, human-Al collaboration requires trust,
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transparency on how Al tools are used, and mutual understanding between team members

on what the incorporated AI’s role is within the ideation process and/ or within the team.

5.4 Analysis of Two Approaches to Al in Ideation

Based on the findings, there seem to be two distinct ways to approach Al-inclusion in the
ideation process: human-first and Al-first. The key characteristics of each approach are listed
in Table 1. What is referred to here as human-first, is a balanced approach, where humans
retain control over decisions, while Al acts as a supporting tool, and is preferred in many
ideation contexts, based on the articles and studies used in the research for this thesis. These
human-centred models aim to ensure transparency, empathy, ethics, and to avoid over-
reliance on Al. Many seem to share the opinion that Al should serve as an assistant to
humans, enhancing ideation by providing diverse perspective and rapid idea generation,
rather than replace them in certain tasks. These human-first models emphasise the
importance of human intuition, thus, with Al being integrated into ideation, the tasks of

judgement and decision making should be reserved solely to humans.

Al-first models aim for a more autonomous role of Al in ideation, assigning tasks and letting
it complete them on its own. Ultimately, giving it more responsibility in decision-making
processes could also be an option, as data-driven insights could be automatically included,
and decisions may not be clouded by personal opinions. This may not be fully plausible, or
reliable, yet, but it seems to be the direction these models are striving towards as Al’s
capabilities continue to advance. Although human-first approaches in current research
outnumber Al-first approaches, both are still in early stages of development, each of them
proving their own benefits as well as challenges. Whether one of these approaches will turn

out to be more favourable, or if a better hybrid-model will be developed, remains to be seen.
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Human-First Ideation Al-First Ideation
- Alas an assistant, not a replacement - Al operates autonomously, assigns
- Emphasizes  human intuition, and completes tasks
judgment, empathy, and ethics - More data-driven decision-making
- Al supports with perspective and - Less reliance on human bias or
speed emotion
- Humans retain control over
decision-making

Table 1. Comparison of Human-First and Al-First Ideation

5.5 Open Questions and Future Outlook

As Al technologies are still evolving, so are their applications. Recent research has already
shown promising results, which indicates that AI’s role in ideation will only expand further,
as will according research. The current seeming division in human-first and Al-first models
both offer promise, although they are still in early phases. This offers an opportunity for a
comparative study between human-first and Al-first ideation. As both are maturing, future
research could explore differences between them, or offer alternative hybrid ideation models.
Another open question to be explored, is how the role and benefits of Al-driven ideation

change between one-on-one human-Al ideation, versus Al used in group ideation settings.

A continuation of the findings presented in this thesis could be testing and evaluating prompt
design and effectivesness in generative ideation. Prompts are found to have a large impact
on the quality of Al output, making this an interesting intersection for deeper exploration. A
longitudinal study on Al in ideation may be another topic of interest, as the studies used
referenced in this thesis conducted more short-term workshops. Because the technologies
and situation were novel, and adaption takes time, findings from a longer-term study may
differ from those of a short-term one. Further, human skill requirements and Al literacy in
regard to human-AlI collaboration should be studied, as they likely directly influence the

quality of the ideation outcomes.

In a broader view, questions about authenticity of ideas, ownership and responsibility on an

organisational level are still left unanswered. A sociological study on cultural and ethical
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perceptions of Al in ideation could offer unique insights in how cultural and geographical
contexts influence acceptance of Al use, preferred human-AlI collaboration styles as well as
trust in Al-technologies for ideation. Diving deeper into the general sustainability concerns
of Al use, the environmental and socioeconomic implications of Al-reliant ideation and
innovation processes makes for an interesting research topic for both companies as well as

academics.
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6 Conclusion

This thesis set out to explore the role artificial intelligence plays in the ideation phase of
innovation and how the inclusion of it has and may in the future change the idea generation
and innovation process. Including Al in ideation, whether as an extra collaborative partner
in a group-setting or in a one-on-one human-AlI interaction, has been shown to enhance the
novelty, creativity, and usability of ideas, although the latter requires further investigation
as it seems to be context dependent, based on differing results in the studies reviewed. This
has been found by studies comparing ideas generated solely by Al, in Al-human

collaboration as well as purely human expert generated ideas.

In addition to its impact on the generated ideas, Al can enhance the speed and efficiency of
the ideation process itself. This is not only due to its ability to generate a multitude of ideas
in the fraction of the time it would take humans to, but also because Al-driven ideation frees
up space for humans to focus on other tasks, such as decision-making or idea evaluation.
Cognitive overload is thus reduced, making the working time of humans more productive.
Additionally, Al can provide unique viewpoints and inspiration, which helps to reduce

mental blocks.

Based on the findings presented in this thesis, the transformative potential of Al-driven
ideation is apparent. While Al presents great opportunities in ideation, human involvement
and oversight remain crucial. They provide intuition, human judgement and context, which
is critical to ensuring successful, ethical and impactful ideation practices. For this reason,
human-focused, or human-first ideation models seem to work better for more complex,
uncertain tasks, leaving important decision-making to humans and having Al act as an
assistant. However, with further development of Al technologies, this may change. As these
systems, models and technologies are still new and evolving, employee-training, and general
guidelines on the use of Al in ideation contexts specifically are still needed. This also calls

for an adaptive period for integration of Al technologies into ideation.
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